Due to the complex and relatively unpredictable nature of human behavior, customer service-based processes such as those featured in call centers, restaurants, and hotels can be challenging to model. The present study provides an example of using established theories of customer behavior, in combination with primary data collection, in a time and cost efficient way to model customer decision-making in a particular situation. The context of the study is a hotel check-in process manned by three service employees to which management would like to add a self-service check-in alternative, in order to reduce waiting times. In order to model how customers choose between using the service employee and using the self-service technology, a crucial component of the simulation model, scenario-based surveys are used to supplement existing theories. The simulation study is briefly described and the advantages of this approach are discussed.
INTRODUCTION
Customer service-based processes such as those featured in call centers, restaurants, and hotels can be challenging to model for several reasons. First, human behavior may be unpredictable and complex (Tumay 1995) . Understanding and modeling how individuals (customers and service providers) make decisions is therefore difficult (Sterman 1987) . For example, in a waiting line situation, common to many customer service-based processes, customers facing similar conditions may behave differently with respect to balking, joining the line and waiting for their turn, or joining the line and subsequently reneging. Second, the direct customer contact that occurs in service-based processes results in processes that are not very well defined (Wemmerlöv 1990 ). In processes with high customer contact, customers are more likely to be involved in the process itself and thereby introduce variability in the duration, quality, and exact nature of the service (Chase 2010) . This is especially true for customer service-based processes that allow for customization.
Modelers have several techniques at their disposal to overcome the difficulty of modeling human behavior. In smaller systems, modelers can gather primary data on individuals' decision-making processes using interviews, surveys, and participant observation (Sterman 1987) . In larger, more complex systems, modelers can draw on previously tested theories to formulate the model, and conduct sensitivity analysis to examine the estimated parameters. Both approaches have advantages and limitations. Even though it may provide context specific and relevant information, primary data collection can be expensive and time consuming (Seawright and Sampson 2007, Sterman 1987) . Conversely, established theories can be cheap and quick to access, but may not allow for accurate modeling as they may not be sufficiently context specific.
The present study provides an example of using established theories of how customers behave, in combination with primary data collection to model a customer service-centered process. We examine a hotel check-in process manned by three service employees to which management would like to add a selfservice check-in alternative. To correctly assess the impact of adding the self-service technology alternative and thus provide solid information for the business decision to be made, it was necessary to model customers' choice between the two service delivery alternatives. We used existing theories about how customers decide to choose between using a service employee and using the self-service alternative in combination with a scenario-based survey to model customers' decision between the two service alternatives.
The next section further describes the context of the study. Section three consists of a review of the literature on customer decision-making involving self-service technology. Section four describes the scenario-based survey, and section five briefly describes the simulation study. The final section summarizes the advantages and limitations of the approach presented.
CONTEXT OF THE STUDY
Hospitality firms are typically concerned with providing high quality service to their customer in a timely, yet cost-efficient manner. Consequently, waiting times and labor costs have been the performance measures of choice in the study of service systems such as fast food restaurants (Hueter and Swart 1998) . By reducing waiting times, firms can improve customers' perceptions of service quality and satisfaction, and positively impact their future financial performance. By reducing operating costs, for example through improved labor scheduling, firms can also improve their financial performance. However, from a queuing theory perspective, waiting time and operating cost reduction are conflicting objectives that cannot be improved simultaneously (Dickson, Ford, and Laval 2005) . What this implies is that, in order to improve waiting times, a costly increase in capacity is oftentimes needed. Conversely, a reduction in the number of service employees is typically accompanied by an increase in waiting times for customers. This is a challenge for hospitality firms, which are labor-intensive and where timeliness of the service is very important (Starks and Whyte 1998) . Recently, self-service service technologies have been proposed as a way to simultaneously reduce waiting times and operating costs (Weijters et al. 2007 ). Self-service technologies are technological interfaces that allow customers to produce a service themselves, without the assistance of a service employee (Meuter et al. 2000) . Widely accepted self-service technologies include automated teller machines (ATMs), online banking, online brokerage services, retail self-check-outs, online retailers, and selfservice check-in kiosks at airports, hospitals and hotels. These self-service technologies are successful because they provide customers with more flexibility in when, and how they receive a service (Meuter et al. 2000) . For example, using ATMs, customer can access their funds outside of the bank's normal operating hours. These self-service technologies also provide benefits to firms, including increased speed of delivery, precision, customization, reduced heterogeneity in the service encounter, and competitive differentation (Berry 1999; Curran, Meuter, and Surprenant 2003; Weijters et al. 2007) .
One hotel customer service-based process that has received a lot of attention recently in both the academic and practitioner literature as being particularly well-suited to self-service technology is the checkin process (Mayock 2010, Oh and Jeong 2009) . However, the assumption that the implementation of selfservice technology in the check-in process could simultaneously improve waiting times and decrease system operating costs has yet to be empirically tested. Hotel check-in is a relatively straightforward process as it has a high degree of routinization (Wemmerlöv 1990) . Customers arrive in the hotel lobby and join the line(s) at the check-in desk to wait for service. After they have received service, which consists of a brief information exchange, they leave the service area. The introduction of self-service technology in the hotel check-in process would increase the complexity of this system, as customers would be able to choose between checking in using a self-service kiosk and using a service employee.
In order to examine whether the implementation of self-service technology in the check-in process could simultaneously improve waiting times and decrease system operating costs, it was necessary to accurately model customers' choice of whether to use self-service technology or use the service employee. In this particular simulation study, the model's results, and hence the business decision to be made were sensitive to variations in customer behavior. Specifically, the proportion of customers that chose to use the self-service technology impacted the waiting times for both service alternatives. Previous research had proposed and tested several models of how customers decide to use self-service technology that could be used in the context of a simulation model.
LITERATURE REVIEW
Using attitudinal research, previous research has formulated several models of how customers decide between using a service employee and using a self-service technology (Dabholkar and Bagozzi 2002) . According to these models, customers' beliefs about the self-service technology drive their attitudes towards the self-service technology which in turn influence their decision to use it (Dabholkar 1994 , Weijters et al 2007 . For example, Weijters et al (2007) found that customers' beliefs about the usefulness, ease of use, reliability and fun of supermarket self-scanners were positively related to their attitudes towards the selfscanners, which in turn positively influenced their usage of the self-scanner. In addition to customer attitudes, previous research has also examined the role that customer characteristics such as self-efficacy, technology anxiety, and need for human interaction play in customers' decision to select the self-service alternative. Self-efficacy was shown to increase usage intentions (van Beuningen et al. 2009 ) while technology anxiety and need for interaction (Meuter et al. 2005) were shown to decrease usage intentions. Despite the theoretical insights they provide in customers' decision-making processes, these models are of limited practical use from a simulation modeling perspective. First, while providing qualitative information about customers' decision-making processes with regards to using self-service technology, they do not provide the quantitative information necessary for simulation modeling. For example, Weijters et al. (2007) showed that a one point increase in customers' attitudes towards using a self-scanner when shopping in a supermarket meant the customers were 7.34 times as likely to use the self-scanners than without the increase. However, customers' attitudes were influenced by their beliefs about the self-service technology which encompassed many factors such as the belief that the self-service scanner would allow them to shop faster, would make them more efficient, and would be reliable. Due to the large quantity of variables, and complex relationships between them, it would be difficult to formulate a simulation model based on this model and subsequently estimate the parameters and conduct sensitivity analysis as suggested by Sterman (1987) . The belief variables used in these models were therefore not actionable from a simulation modeling perspective.
Second, researchers have attempted to develop models that can be generalized to different self-service technologies and in different situations, and are therefore not context specific. For example, Curran and Meuter (2007) developed one model and tested it using three different self-service technologies, including ATMs, online banking, and bank by phone. However, these three self-service technologies have different benefits which influence their use. For example, customers using online banking do not experience the physical discomforts associated with waiting in a facility outside the home. Conversely, customers using an ATM may experience waiting within the facilities due to delays or queues (Baker and Cameron, 1996) .
Several studies that included waiting time found it to have a significant effect on customers' decision to use self-service technology (Dabholkar 1996, Oh and Jeong 2009) . Reductions in waiting time have been cited as drivers of satisfaction when using self-service technology (Meuter et al. 2000) and motivators to use self-service technology (Bateson 1985) . Anticipated waiting time has been shown to influence customers' intentions to use the self-service technology (Dabholkar 1996, Oh and Jeong 2009 ). Anticipated waiting time is also one of the antecedents of perceived usefulness which has been shown to be a strong predictor of customers' attitudes towards self-service technology and intentions to use the selfservice technology (Weijters et al. 2007 ). Based on these findings, we hypothesized that, in contexts where waiting time may be a consideration for customers, waiting line length could be used to predict customers' choice of whether to use the self-service technology or use the service employee.
Since customers use their observed queue length along with their beliefs about processing times to form an estimate of the likely duration of their waiting time (Kumar, Kalwani, and Dada 1997) , we used a scenario based survey to examine whether queue length could be used to predict customers' choice of which service alternative to use. From a simulation perspective, waiting line length is an actionable variable, since it can be incorporated in a decision rule.
SCENARIO-BASED SURVEY
In the context of self-service technology research, scenario-based surveys have been widely used as they allow researchers control over the experimental conditions and manipulated variables while reducing random noise (Bitner 1990 , Dabholkar 1994 , Weijters et al. 2007 ). Furthermore, the use of online survey tools allows for fast and cost-effective data collection. For example, for this particular study, surveymonkey, an online survey tool, was used to obtain 1,472 responses. More than 50% of the responses were obtained within 36 hours. The annual cost of a version of the software providing unlimited responses was $200. A scenario-based survey was used to test the hypothesis that waiting line length could be used to predict customers' choice of whether to use the service employee or use the self-service kiosk for hotel check-in. A 4 x 4 factorial design was used, with each factor referring to the number of customers in each service delivery alternative. Participants of the study read a scenario explaining that they were about to check-in in a hotel and could choose between using a self-service kiosk and using a service employee. They were given a description of the service setting, a description of the length of the waiting lines (which varied by condition) and asked which line they would choose. For example, the first scenario described the situation where no customer was waiting for either alternative and both service delivery alternatives were available. The participant could choose whether to receive service from the employee, or use the self-service kiosk without either alternative requiring him to wait. The second scenario described a customer being helped by the service employee and the self-service kiosk being available. Scenario sixteen presented the situation where both the service employee and the self-service kiosk were in use, and two customers were waiting for each alternative. The participant then indicated which line he would like to join (a binary variable).
Logistic regression, a specialized form of regression, was used. The binary dependent variable was customers' choice to use the self-service kiosk or use the service employee. The two independent variables were the number of customers waiting to use the self-service kiosk, and the number of customers waiting to use the service employee. The baseline model -2 log-likelihood was 1,324.291 for the analysis sample. The introduction of the two waiting line variables reduced the -2 log-likelihood to 982.540. The reduction was significant (χ^2=341.751, p<0.001), suggesting that the inclusion of these two variables significantly improved the predictive ability of the model. The R 2 LOGIT measure for this model was 0.258. Cox & Snell R 2 was 0.291 and Nagelkerke R 2 was 0.395. The classification accuracy of the model was 76.50% for the analysis sample and 81.7% for the holdout sample. Taken together, these results indicate the assumption that waiting line length can be used to predict customer choice of a service delivery alternative holds.
The logistic coefficients obtained (shown in Table 1 ) were used to compute the probability that a customer would select the self-service technology P(SS) alternative based on the number of individuals waiting for self-service (including the one currently using the self-service kiosk) (x 1 ) and the number of individuals waiting for service by a service employee (including the one currently talking with the service employee) (x 2 ) such that P(SS)=1/(1+e - (-1.094-0.836x1+1.087x2) ). This probability was used in the simulation model.
SIMULATION STUDY
A simulation study was conducted to examine the impact that adding a self-service kiosk to a hotel checkin process manned by three employees would have on customer waiting times. A simulation model was formulated using information collected from observing the system (customer inter-arrival times and service employee processing times), from secondary data sources (self-service kiosk processing times and failure rates), and from the scenario based survey (probability that customers would use the self-service kiosk). The simulation model was developed using an academic version of ARENA 12 (Rathmell and Sturrock 2002) . Customers' decision of whether to use a service employee or use a self-service kiosk was modeled using a Decision Module. The ARENA expression was Where NR(SST) is the number of self-service kiosks currently in use, NQ(Seize SST.Queue) is the number of individuals waiting for the self-service kiosk, NR(Employee) is the number of service employees currently busy, MR(Employee) is the total number of service employees, and NQ(Seize Employee.Queue) is the number of individuals waiting for service by the service employee(s). AINT is a truncation formula.
A sensitivity analysis was conducted to examine which assumptions the model could be sensitive to. We examined the impact that jockeying had on the model results and found it to be not significant. Similarly, we examined whether an error in estimating the probability that customers would select the selfservice technology alternative (P(SS)) would impact the results. We found that a deviation of 10% did not have an impact on the results. We did find that, under high utilization conditions, the results were sensitive to assumptions about the failure rate of the self-service kiosk and the processing time of the selfservice kiosk.
Based on these findings, the failure rate of the self-service kiosk, the arrival rate of customers and the processing time of the self-service kiosk were varied to reflect operational uncertainty. We assumed decision makers had discretion over the number of service employees and the number of self-service kiosks to be implemented, and that jockeying was possible. This resulted in a 2 (number of self-service kiosks) x 3 (number of service employees) x 3 (arrival rate) x 2 (failure rate of self-service kiosk) x 3 (processing time of self-service kiosks) experimental design, yielding 108 simulation models. Analysis of variance showed that all of these factors had the potential to impact significantly the results of the simulation. However, waiting times and service level were influenced most (as measured by η^2) by the number of resources available (self-service kiosk and service employees). Specifically, under the observed demand conditions, there was sufficient capacity to meet demand, and adding a self-service kiosk to the check-in process manned by three employees did not reduce waiting time. Under very high demand conditions (42% higher than observed), adding a self-service kiosk to the process decreased waiting times significantly, as long as the self-service kiosk had an average processing time close to industry norms.
CONCLUSION
The success of the simulation study described relied heavily on the precision with which customers' decision of whether to use the self-service technology or use the service employee could be modeled. Previous research on this topic was quick and inexpensive to access, yet it did not allow for accurate modeling as the self-service technologies and contexts in which the research was conducted were different from the context of this particular study. Primary data collection is typically considered to be expensive and slow. However, by using an online survey design and administration tool we kept it inexpensive and relatively fast. Combining the use of primary data collection, in the form of scenario-based surveys, with previous research on the topic, also allowed us to quickly identify relevant variables, further reducing the total time needed for the study. As this example shows, for simulations involving customer service-based processes, in which human behavior plays an important role, modelers should consider combining previous theories with relatively inexpensive and fast data collection methods for those model components that have a large impact on the model's results and hence the business decision to be made.
